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ABSTRACT 

Maintaining continuous power is very important for any modern infrastructure. Still, power transmission lines 

are likely to develop faults as a result of weather conditions, aged equipment, or contact with humans or 

animals. According to studies, traditional approaches to finding faults are not very accurate and are delayed. It 

presents a low-cost approach using Artificial Intelligence (AI) to locate and identify problems in a small-scale 

transmission line. The system gathers data using ACS712 and ZMPT101B sensors on Arduino and Raspberry 

Pi boards, and then this data is processed by a neural network. It also quickly spots an issue in the power grid 

and pinpoints the specific zone that has a fault. It is vital to keep power lines operational, but they often 

experience faults. Modern grids make it difficult for traditional ways of detecting faults. The paper outlines 

how a low-cost Artificial Intelligence system was built with Arduino and Raspberry Pi, along with sensors 

(ACS712 and ZMPT101B), to spot and mark problems on a laboratory electricity line model as they happen. 

The ANN was trained by using data that came from experiments with simulated normal and faulty conditions 

in eight zones. The system performed well by correctly locating every fault and its exact area when tested in 

real time. The approach allows for AI to be deployed easily on edge devices, thus helping to link the analysis 

done in simulations with practical applications in the real world. The process consists of collecting data with 

Arduino, training and predicting with Python, and identifying faults right away with the help of digital output 

signals. 
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CHAPTER 1: INTRODUCTION 
 

 

The infrastructure of today’s society relies on the strong and stable foundation of electric transmission systems. 

Ensuring a constant and unstoppable flow of electricity is very important for companies, government facilities, and the 

wellbeing of everyone. Yet, because transmission lines are very long and exposed to many different environments, they 

easily develop all sorts of faults. Defects may develop for various reasons such as bad weather (including lightning, wind, 

ice), damaged equipment, the impact of nature (like plants or animal contact), or improper operations. 

 If there is a fault, the regular flow of electricity is disrupted, which can result in many failures, blackouts, damaged 

equipment, and large losses in the economy. Hence, it is necessary for transmission line faults to be quickly and accurately 

detected, classified, and localized during operations. By managing faults well, it becomes easier to maintain the grid, cut 

repair and maintenance expenses, keep personnel safe, and improve how efficient the electrical system is. 

Since decades, the industry relied on fault detection with impedance-based relays and traveling wave fault location 

(TWFL) systems. Even though they are beneficial, these traditional strategies often have issues because modern power 

systems are getting more advanced. As wind and solar power are combined with the rest of the electricity network, they 

create new problems for power systems by increasing random directions of power, changes in current levels and complex 

network structures that may reduce the effectiveness of traditional techniques. 

As a result, Artificial Intelligence (AI) provides important solutions that can create big changes. Because of machine 

learning (ML) and deep learning (DL), AI can deal with large datasets, discover fine details, and alter its operations 

depending on conditions. Because of these abilities, AI is very effective at finding faults in today’s power grids. With AI, 

systems can study both past and recent operational records to become skilled at spotting, classifying, and pinpointing 

faults much faster, accurately, and strongly than earlier methods. 

 

 

Detecting and pinpointing problems in electrical power transmission systems continues to be a hard task. Even though 

traditional methodologies are reliable, they may only be effective if the network conditions are stable, due to problems 

they cannot fix efficiently. Because of on-and-off use and back-and-forth flow of renewable power, it is sometimes hard 

to properly identify the source of a fault using common impedance or travelling wave approaches. 

While AI works well in tests, it is not widely used in practical situations yet, because of some obstacles. A lot of 

suggested AI approaches need a lot of computing power, which may cause both expensive equipment and lag that isn’t 

suitable for immediate defense systems. In addition, how well AI models work depends on having enough and high-

quality training data, especially for every kind of fault and every configuration in the network. There is a significant 

difference between the positive results seen in academic studies and the availability of cheap and dependable AI-powered 

devices for avoiding faults during operation. 

 

 

The purpose of this project is to build, use, and assess a system that can find and locate flaws in electrical power lines 

inexpensively and by using Artificial Intelligence. The particular aims are to: 

1.  Develop an Integrated Hardware/Software System: Establish a program for the prototype that uses voltage and 

current transformers for sensing, gets data using an Arduino, and completes the task using a processing unit called 

Raspberry Pi. 

2. Implement AI-Based Fault Detection and Localization: Train an AI model that can spot when a fault occurs 

and also determine its location on the predefined map of the transmission line. 

3.  Achieve Real-Time Performance: Data and fault detection results should be supplied in real time, making 

responses to fault as soon as possible.. 

1.1 Background and Motivation 

1.2 Problem Statement 

1.3 Project Objectives 
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4.  Optimize for Cost-Effectiveness and Scalability: Choose affordable items (such as the Arduino and Raspberry 

Pi) and efficient programming for a system that can easily be used further and is cost-effective.  

5. Validate System Performance: Accuracy, speed, and reliability tests should be performed on the system by 

simulating possible faults in a laboratory transmission line.  

6.  Bridge the Simulation-to-Practice Gap: Introducing methods to utilize lightweight AI on the edge devices in 

actualmonitoring systems in the power sector. 

 

 

 

 

For this project, we work on building an AI system to locate and detect Fault in a laboratory version of a power 

transmission line. Within the scope are: 

• Fault Types: Is mostly concerned with finding and positioning phase-to-ground faults introduced along the 

model transmission line.  

• Localization: Concentrates on marking out which of the predefined segments the faults occur in, rather than 

exactly calculating the distances to them.  

• Hardware Platform: Both Arduino and a Raspberry Pi are part of the hardware platform, with some sensors 

(ACS712, ZMPT101B) being used for collecting data.  

• AI Model: It relies on an Artificial Neural Network (ANN) architecture that makes use of data gathered from the 

experimental setup. 

• Environment: Testing processes are conducted only inside a lab setting, with everything controlled. 

There are some restrictions that apply to this project.  

• Scalability to Real-World Systems: Before the prototype can be used for real-world high-voltage networks, it 

needs to be adjusted to compensate for larger sizes, higher voltages, and environmental distractions. 

• Hardware Constraints: Since the Raspberry Pi generally has limited processing and memory, this limits both 

the size and speed of AI models that can be used. 

• Sensor Accuracy and Calibration: Low-cost sensors play a major role in the accuracy of the system because 

their calibration is crucial. 

• Limited Fault Scenarios: In such scenarios, only a finite set of fault happenings and 

their locations are trained and tested in the lab; the system’s reactions to new or hard 

faults are not examined. 

 

 

This document describes the process behind developing and examining the AI-based fault detection system. These are the 

chapters that make up the report: 

• Chapter 1: Introduction: Offers the background information, describes the problem being studied, determines 

the aims of the project, and identifies the limits of what will be considered. 

• Chapter 2: Data Collection and Processing: It explains the detailed approach for collecting, handling, and 

preparing information for the fault detection system involving hardware equipment, data gathering, and 

preprocessing. 

• Chapter 3: System Design and Methodology: Details the complete plan for the system, identifies the 

required hardware, gives its setup guidelines, and describes how the AI model must be built and trained. 

• Chapter 4: Implementation Details: Contains a clear explanation of how the IOT hardware is used, the 

selected software for data gathering, the way data is processed, and finally the software for detecting faults. 

1.4 Scope and Limitations 

1.5 Report Structure 
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• Chapter 5: Results and Discussion: Shows the outcomes of running sensor calibration, model training, and 

real-time testing, and then describes and analyses the results from these tests. 

• Chapter 6: Conclusion and Future Work: Reports the main achievements of the project, points out its 

weaknesses, and gives ideas for further exploration in the area. 

 

 

 

 

 

 

CHAPTER 2: DATA COLLECTION AND PROCESSING 
 

 
This chapter explains the detailed approach for collecting, handling, and preparing information for the fault detection 

system involving hardware equipment, data gathering, and preprocessing. 

 

 

 

2.1.1 Physical Transmission Line Model 

The test area is made up of a laboratory-scale model of a power transmission line that has been split into eight different 

sections. All of the sections include: 

• Resistors: the resistive component of transmission line impedance 

• Inductors: Simulating the inductive properties of transmission lines 

By dividing the line into parts, this arrangement enables the user to put a particular fault in a specific 

spot so that the outcome is known for learning. Having electrical lines arranged this way, we are able to generate and 

label phase-to-ground faults from each section, which is required for training the AI model. 

 The experiment is done by simulating tripped circuit faults between phase and ground for each segment and recording 

electrical readings continuously. Because of this approach, each broken point in the line has a unique electrical signature 

that is useful for developing the AI classifier. 

 
2.1.2 Sensing and Measurement Hardware 

2.1 Experimental Setup and Data Acquisition 
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 The data collection system has four main sensors to gather important data about the line’s electricity: 

Voltage Sensors (ZMPT101B):  Voltage Sensors (ZMPT101B):  They are based on voltage 

transformers and used for AC voltage detection, separate the measurement section from the 

high voltage section, and deliver an analog signal that is proportional to the input AC voltage, 

plugged into analog input pins A0, A2, A3 of the Arduino . 

Current Sensor (ACS712):  A type of current sensor that works on the principle of halls 

effect, measuring current flowing in the ac line and providing an analog output read on A1 pin , 

Should be calibrated to find its zero current level. 

The main function of the Arduino board is to get data from sensors, handle it, send it over serial 

communication, and share it for later processing and storing. 

 

2.1.3 Arduino Data Collection Implementation 

The Arduino implementation ( arduino_400_samples.ino ) is designed to automatically collect multiple samples of voltage 

and current readings and transmit them as a single data packet. The key components of this implementation include: 

 

The code initializes the sensors with appropriate parameters and sets up arrays to store the collected samples. During operation, 

the Arduino: 

1. Collects 300 voltage and 100 current samples. 

2. Stores these values in memory arrays. 

3. Transmits all 400 values via serial communication. 

4. Repeats this process every 1 second by default. 

With this approach, the data is very detailed and provides detailed information about the transmission line’s behavior in both healthy 

and faulted states. 

 

2.2.1 Experimental Protocol 

 

2.2 Data Collection Workflow 
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The data collection process follows a structured protocol to ensure 

comprehensive coverage of all fault scenarios:                                                                                                                                             

Setup Preparation: Connect every part of the transmission line in the 

model , Ensure all voltage and current sensors are calibrated , Attach the 

Arduino to the monitoring raspberry pi using a USB cable , Check that 

the sensors show correct results with known conditions. 

Baseline Data Collection: Take samples from equipment when 

everything is working correctly , Record the parameters of the equipment’s 

normal operations. 

Fault Simulation: For every segment , Insert a phase-to-ground fault, 

observe its effects, and take readings several times to ensure the reliability of 

the results. 

Data Labeling: Label each piece of data with a condition: Label 0 

represents no fault, Label 1-8 indicate problems at the different segments. 

The step-by-step process makes the dataset cover all possible ways 

something can go wrong in the experimental setup, laying a strong basis for 

model training. 

 

 

2.2.2 Data Capture Methods 

There are several ways to get data from the Arduino, each of which offers certain positives. 

Method 1: Arduino IDE Serial Monitor 1. Open the Serial Monitor (use baud rate (9600)) 2. Observe the incoming 

data        3. Copy the required data and paste it into a text editor 4. Save as a CSV file  

Method 2: Terminal Programs with Logging More advanced users can employ terminal programs: 1. Configure a 

terminal program (PuTTY, Tera Term) with correct serial settings 2. Enable logging to capture all incoming data directly 

to a file 3. Start the data collection process 

4. Stop logging when sufficient data has been collected 

Method 3: Automated Python Script For reliable and automated data collection, a dedicated script provides the 

optimal solution: 
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2.2.1 Data Import to Excel 

we can open the CSV file as excel file to analyze 

the data: 

1. Open Excel and navigate to the Data tab 

2. Select "From Text/CSV" and browse to the 

saved CSV file 

3. In the import wizard, ensure comma is selected 

as the delimiter 

4. Verify that the data preview shows correct 

column separation (400 columns expected) 

5. Complete the import process 

The resulting Excel file contains all collected. 

 

2.3.1 Feature Extraction and Selection 

Raw data from Arduino is made up of 300 voltage samples and 100 current samples for every experiment. Even though 

this data covers a lot, it should be processed in advance before using it for training. 

Dimensionality Reduction:  The 300 samples for voltage and 100 samples for current are reduced to representative 

values. Still keeping what is important, this reduction helps computers work faster. Measurements such as the average, 

root mean square, or highest value are some of the statistical tools used to obtain the most important features 

Feature Selection: Volts readings (V1-V100) for every voltage sensor depict the voltage span of the transmission line 

; Current values (I1-I100) represent current flow; Induction stands for the quantity of inductors in the circuit. 

All together, the transmission line state is defined by 400 parameters, split into 300 voltage levels, 100 levels of 

average current, and the number of inductors. 

  

2.3.2 Data Scaling and Normalization 

Performance of neural networks is best when the input features are all in a similar range. The preprocessing pipeline 

includes scaling all the used features: 

 

2.3 Data Preprocessing for AI Model 



Fault Detection in Transmission Lines 

using AI 

12 

 

 

stratify 

This scaling change guarantees consistent treatment of new data throughout prediction, speeds up and stabilizes neural 

network convergence, and stops characteristics with greater magnitudes from overpowering lesser values. 

To guarantee the same scaling settings are used throughout real-time prediction, the fitted scaler is stored. 

 
2.3.3 Data Splitting for Training and Validation 

The preprocessed dataset is split into training, validation, and test sets: 

 

This creates: * Training Set (60%): Used to train model parameters * Validation Set (20%): Used to tune 

hyperparameters and prevent overfitting * Test Set (20%): Used for final performance evaluation 

The parameter ensures each subset maintains the same proportion of fault classes as the original dataset. 

 

 

To enhance model robustness and improve generalization capabilities, data augmentation techniques were applied to 

expand the training dataset artificially. 

 

2.4.1 Noise Injection 

Small amounts of Gaussian noise were added to voltage and current readings to simulate sensor noise and real-world 

variations: 
 

This technique helps the model become more robust to sensor noise and minor 

fluctuations in electrical parameters. 

 

2.4.2 Scaling Variations 

Slight scaling variations were applied to simulate different operating conditions: 

 

This helps the model generalize across different load conditions and system parameter variations. 

 

 

2.4 Data Augmentation Techniques 
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2.4.3 Combined Augmentation Strategy 

The final augmentation pipeline combines multiple techniques: 

 

The augmented dataset provides a better training set for ANN model, improving its ability to work with unseen data. 
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CHAPTER 3: SYSTEM DESIGN AND METHODOLOGY 
 

 

 

For best performance and scalability, the AI-based fault detection system uses a distributed architecture that uses edge 

computing features with centralized processing. The architecture of the system comprises three main parts: the output 

layer, the processing layer, and the data acquisition layer. 

 

3.1.1 Data Acquisition Layer 

The system relies on the data acquisition layer to get live values of electrical properties from the modeled transmission 

line in real time. Such a layer is made up of these parts: 

Sensor Network: Three ZMPT101B sensors for measuring AC voltage , ACS712 sensors to measure AC current , and 

putting the sensors in areas that allow for full system observation 

Data Acquisition Unit (Arduino): Data Acquisition Unit (Arduino) acts as a microcontroller for collecting data, it 

converts data fast from analog to digital format and can send data over a serial interface for communication. 

Communication Interface: For lab communication, there is USB serial compatibility ,the baud rates can be adjusted 

to increase data speed, and errors are detected and corrected,. 

 

3.1.2 Processing Layer 

The processing layer carries out the main AI tasks and uses two main methods of 

operation.: 

Training Mode: In the Training Mode , I process and preprocess the data, extract the 

important features, build and validate the model, tune the hyperparameters, and assess the 

performance. 

Inference Mode: Real-time processing and adjustment , AI model is used to spot faults, 

results are interpreted and results are shared with digital output for fault notification. 

 

3.1.3 Output Layer 

The output layer sends valuable information to both operators and protection 

systems used in the system: 

Digital Output Signals: 8 bits are used to show where a fault has occurred, each 

fault is shown with only one bit ,They are suitable for use with standard relay interfaces 

Monitoring Interface: The interface handles monitoring and shows the system’s 

status in real time, keeps fault logs, saves data from the past, and supplies system 

performance metrics. 

 

 

3.2.1 Microcontroller Platform (Arduino) 

3.1 System Architecture Overview 

3.2 Hardware Component Selection and Specification 



Fault Detection in Transmission Lines 

using AI 

15 

 

 

Since the Arduino platform is easy to use, it was chosen as the main device for acquiring 

data due to: 

Technical Specifications: The ADC is a 10-bit type, giving 1024 resolution levels 

,Multiple analog input channels are available to monitor various sensors, the clock runs at 16 

MHz for fast sampling, there is built-in serial communication for easy data transfer, and the 

device has extensive support from libraries for sensor interfacing. 

Advantages: It is cost-effective to use for prototype development , there is a large and 

helpful community, several sensor types integrate well, it is reliable in the lab, and 

programming is simple. 

 

 

 

 

3.2.2 Voltage Sensing (ZMPT101B) 

ZMPT101B voltage transformer module makes it possible to accurately measure AC voltage thanks to the following 

features: 

Technical Specifications:  Input voltage range: 0-250V AC, Output voltage range: 0-5V DC (Arduino compatible), 

Accuracy: ±1% (under standard conditions) * Frequency response: 50/60 Hz optimized, Isolation voltage: 4000V AC 

(safety isolation). 

Configuration Parameters:  Sensitivity adjustment for different voltage levels, Frequency setting for regional 

power system compatibility, Calibration procedures for accurate measurements. 

 

3.2.3 Current Sensing (ACS712) 

The ACS712 Hall effect current sensor offers non-invasive current measurement with multiple range options: 

Technical Specifications:  Available ranges: 5A, 20A, 30A models , Output voltage: 2.5V ± sensitivity × current , 

Accuracy: ±1.5% at 25°C 

Response time: 5 μs * Bandwidth: 80 kHz 

Calibration Requirements:  Zero-current offset calibration , Sensitivity adjustment based on sensor model , 

Temperature compensation for improved accuracy 

 

3.2.4 Processing Unit (Raspberry Pi) 

The Raspberry Pi serves as the main processing unit for AI model execution: 

Technical Specifications: ARM Cortex-A72 quad-core processor , 4GB RAM for model 

loading and data processing , Multiple USB ports for Arduino connectivity , GPIO pins for 

digital output control , Linux-based operating system for Python execution 

 

Software Environment: Python 3.x with TensorFlow/Keras support , 

NumPy and SciPy for numerical computations , Serial communication 

libraries (pyserial) , Real-time operating system capabilities 

 

 

 

 

3.3.1 Neural Network Architecture 

The fault detection system makes use of a feedforward ANN meant for identifying multiple types of fault locations. A 

network architecture includes the following: 

3.3 AI Model Design and Architecture 
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Input Layer: In this layer, there are 250 input neurons for the feature vector, and the features are V1_1-V1_50, 

V2_1-V2_50, V3_1-V3_50, V4_1-V4_50 (voltage), I1-I50 (current), and the induction value. After that, the 

MinMaxScaler is used to normalize the input. 

Hidden Layers: There are hidden layers in the model, and for each, ReLU activation and Dropout are used to prevent 

overfitting. Using batch normalization improves how stable the training is and optimizing layer sizes is done by using 

hyperparameter tuning. 

Output Layer: In the output layer, there are 9 neurons, each representing a different type of fault segment or normal 

situation, and Softmax is used to give a probability output, with one-hot encoding to make sure each class is clearly 

identified. 

 

3.3.2 Model Training Strategy 

A standardized way of training is used to get the highest possible results: 

Data Preparation: Normalize and scale the features ,Divide your data into Train/Val/Test parts (60%/20%/20%) 

,Use data augmentation to make the model better at generalization ,Ensure there is an even balance of classes. 

Training Configuration: The training process used Adam optimizer for gradient descent, categorical crossentropy as 

the loss, and learning rate scheduling for optimized convergence, in addition to early stopping to prevent overfitting . 

Validation and Testing: Cross-validation is used to check the performance of a model, confusion matrices are used 

to check each class’s performance, ROC curves help select the best classification threshold, and testing the model on 

fresh data in real-time provides an overview of how it works. 

 

3.3.3 Model Optimization Techniques 

Many optimization methods are used to boost how well the model performs: 

Hyper parameter Tuning: Grid search is used to select the best network Structure ,Optimizing the learning rate , 

choosing the batch size for efficient memory use ,Adjusting the regularization parameter. 

Performance Enhancement: Reducing the number of inputs and using multiple classifiers together, shrinking the 

model size for edge computing, and using a smaller data type to save memory. 

 

 

3.4.1 Data Flow Pipeline 

Realtime implementation uses a structured data flow pipeline: 

Data Acquisition:  

1. Arduino constantly measures voltage and current. 

2. 50 samples per measurement cycle for every sensor. 

3.  Data for transmission formatted as a CSV string. 

4.  Serial communication to processing unit. 

Data Processing:  

1.  Serial data parsing and validation . 

2 .   Feature extraction from fresh samples. 

3 .   Scaled data with a pretrained scaler. 

4 .   Model inference for fault classification: 

Output Generation:  

1. Understanding of classification results. 

2.  Creation of digital output vectors 

3.  Fault location indication. 

4.  Update of system state. 

3.4 Real-Time Implementation Strategy 
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3.4.2 Performance Optimization 

Real-time performance is optimized through several strategies: 

Computational Efficiency: * Model quantization for faster inference * Optimized data structures for memory 

efficiency * Parallel processing where applicable * Efficient serial communication protocols 

Latency Minimization: * Streamlined data processing pipeline * Pre-loaded models for immediate inference * 

Optimized feature extraction algorithms * Minimal overhead in communication protocols 

 

3.4.3 System Integration 

The system integration involves: 

Hardware Integration: Proper sensors calibration and setup 

,good electrical connections ,power supply for all components ,and 

Environmental protection for laboratory use. 

Software Integration: the communication between Arduino and 

Raspberry Pi , Error handling and recovery ability , Logging and 

monitoring capabilities , and User interface  

This comprehensive system design provides a robust foundation 

for accurate, real-time fault detection and localization in 

transmission line systems, closing the gap between theory and 

practical implementation. 
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CHAPTER 4: IMPLEMENTATION DETAILS 
 

 

 

4.1.1 Physical System Assembly 

The hardware parts must be carefully assembled and configured for fault detection system to start. The physical design 

comprises the laboratory transmission line model, sensor setup, and data acquisition system integration. 

 

Transmission Line Model Setup: The laboratory model consists of an 8-segment line with resistive and 

inductive elements in all the segments. The segments are configured such that they represent a transmission  line with 

ability for inserting faults into any desired points of the line. 

The system overall has monitoring points for voltage and 

current on all the segments, with overall system electrical performance covered. 

 

Sensor Installation and Calibration: ZMPT101B voltage sensors are installed in specific points of the transmission 

line model for voltage recording across zones. Safety precautions and required isolation are taken for precise 

measurements with system as well as user protection. ACS712 current sensors are installed for detecting the current 

through the transmission line with particular attention for orientation and magnetic interference with the sensor. 

 

Arduino Data Acquisition Setup: The sensor interfaces and required libraries are used for configuring the Arduino 

board. The current and voltage sensors are connected into input pins A0, A1, A2, A3, and A4 via proper signal 

conditioning circuits for compatible signals with Arduino's 5V logic levels. High-speed transfer of the data to the 

processing unit is facilitated through the serial communication interface. 

4.1.2 Software Configuration 
 

Arduino Programming:  The Arduino is programmed with the collection and transmission. The code is configured as the 

following: code, which implements automatic data 

 

The code implements automatic calibration for all sensors, ensuring accurate measurements before data collection 

begins. The sampling routine collects 200 voltage and 50 current samples in rapid succession, stores them in memory 

arrays, and transmits the complete dataset as a single CSV line via serial communication. 

Raspberry Pi Configuration: The Raspberry Pi is configured using Python environment that includes all necessary 

libraries for AI model execution and serial communication. The system is set up with TensorFlow/Keras for model 

inference, NumPy for numerical computations, and pyserial for Arduino communication. 

4.1 Hardware Setup and Configuration 
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4.2.1 Automated Data Collection System 

Data collection framework uses a common workflow to collect the training data for all the fault conditions. 

Implementation involves incorporating the manual and automatic collection modes to suit various experimental demands. 

Manual Collection Mode: For controlled experimental conditions, researchers can utilize a manual collection script that 

enables them to define exact fault conditions and collect related data samples. This mode is very helpful during early 

system validation and in the collection of data for targeted fault scenarios. 

Automated Collection Mode: Automatic collection system uses a continuous monitoring approach in which data is 

gathered at fixed intervals irrespective of system state. This mode is needed for real-time application and for collecting 

baseline data during normal operation conditions. 

 

4.2.2 Data Validation and Quality Control 

Real-Time Data Validation: The data collection system implements several validation mechanisms to ensure data quality: 

 

 
 

Data Storage and Organization: Collected data is organized in a structured format that offers easy access and 

processing. Each data record includes metadata such as timestamp, experiment number, fault location label, and system 

configuration parameters. 

 

 

 

 

4.2 Data Collection Implementation 
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4.3.1 Data Preprocessing Pipeline 

Preprocessing pipeline transforms raw sensor input into neural network trainable format. The conversion is 

accomplished through certain basic steps to ensure optimum model performance. 

Feature Extraction: The 250-value raw data (250 voltage + 50 current samples) is processed to extract meaningful 

features that characterize the transmission line condition: 

 

 

 

 

4.3 AI Model Training Implementation 
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Data Scaling and Normalization: Features derived are scaled, so that all inputs are in an equal rang 
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4.3.2 Neural Network Implementation 

The neural network is realized using TensorFlow/Keras and a custom, well-thought-out architecture for the fault 

classification problem: 

 

Training Configuration: The model training is set up with the best parameters for performance and convergence: 
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4.4.1 Live Data Processing Implementation 

The prediction model in real-time adopts the strategy of continuous monitoring that takes streaming data from the 

Arduino and gives instant fault detection outcomes. 

Serial Communication Handler: 

 

 

4.4 Real-Time Prediction System 
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4.4.2 Digital Output Implementation 

The system generates digital output signals that can be used to drive external protection systems or indicator lights: 
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CHAPTER 5: RESULTS AND DISCUSSION 
 

 

 

5.1.1 Training Performance Metrics 

The training data set for the Artificial Neural Network model was increased to contain fault scenarios for all the eight 

transmission line sections. All the faults were classified accurately thanks to the strong convergence ability of the training. 

Training Convergence: The model’s training was steady for 100 epochs. 

Classification Accuracy: The model reached the following results after it was trained: * Training Accuracy: 95.7% * 

Validation Accuracy: 89.3%  

The outcomes prove that the model can learn the features of each fault location effectively, without losing its ability 

to perform on new kinds of data. 

Loss Function Analysis: During training, the categorical crossentropy loss steadily decreased on both the training 

and validation datasets, indicating improved model performance. The small gap between training and validation loss 

suggests that the model did not overfit and was able to generalize well. 

 

5.1.2 Confusion Matrix Analysis 

The confusion matrix analysis reveals the model's performance across all nine classes (normal operation plus eight 

fault segments): 

 

It is apparent from the confusion matrix that high accuracy is achieved by the model for almost every class. Often, the 

errors in classification are found between neighboring parts of the network, since these sections are located close to each 

5.1 Model Training Results 
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other and their. properties are similar. 

 

5.1.3 Feature Importance Analysis 

Review of the trained neural network shows us which features are most important for the classification: 

Voltage Features (V1_1-V1_50, V2_1-V2_50, V3_1-V3_50, V4_1-V4_50): The pattern follows where these 

measurement points are placed in the design of the transmission line model. 

Current Features (I1-I50): the current have the most impact on the way faults are classified. The data obtained from 

voltage and current indicate the entire status of the transmission line. 

Induction Feature: The total number of inductors is an important feature that helps the machine understand the 

circuit’s overall design. Thanks to this feature, the model is able to detect and tell apart different ways the system can be 

working and when it faces faults. 

 

 

 

5.2.1 Response Time Analysis 

 

The system performs very well and can be used effectively for protection purposes: 

Data Acquisition Time: * Arduino sampling time: 50ms (for 200 voltage + 50 current samples) * Serial transmission 

time: (at 9600 baud rate) * Total data acquisition time: 52ms 

Processing Time: * Feature extraction: 5ms * Data scaling: 2ms * Neural network inference: 8ms * Output generation: 

3ms * Total processing time: 18ms 

Overall System Response Time: The total process from reading a sensor to creating a digital output is completed in 

about 70ms. The reaction time for this protection device is acceptable since protection relays in transmission lines operate 

in a range of 100ms to several seconds. 

 

 

5.2.2 Accuracy in Real-Time Operation 

 

System testing with simulated failures gave the same results as the model produced when not running the system: 

Live Testing Results: The model demonstrates high classification accuracy, with a low rate of false positives and 

false negatives. It also maintains strong confidence in its predictions. However, a slight drop in accuracy during real-time 

testing can occur due to factors such as sensor noise, timing inconsistencies, and the specific conditions present in the 

laboratory environment. 

Fault Detection Reliability: During long running tests (8 hours), the system showed no major decrease in its accuracy. 

The system was successful in finding and pinpointing faults in all the test cases, which proves it is reliable for real-world 

use. 

 

5.2.3 Digital Output Performance 

  
The system sends clear and instant warnings when there is a fault in the system: 

Output Signal Characteristics: The signal output has a 0V logic low, and a 3.3V logic high signal level. It responds within 5ms 

after a classification and does not have any false readings during testing. Output format: 8-bit one-hot encoding for clear fault 

indication. 

Integration with External Systems: It is possible to hook up the digital outputs to standard protection relay inputs and integrate 

them into existing power system protection schemes. One-hot encoding helps point out the exact source of the problem with no 

confusion. 

 

 

5.2 Real-Time System Performance 
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5.3.1 Controlled Fault Simulation 

 
On all the eight transmission line segments, simulation of fault conditions was tested carefully and completely: 

Test Methodology: Each segment was tested with 50 individual fault events , Faults were made randomly to 

simulate realistic conditions ,System response was recorded for each fault event , Results were compared against known 

fault locations 

Validation Results:  Segment 1: 96% correct classification (48/50 tests). Segment 2: 94% correct classification 

(47/50 tests). Segment 3: 98% correct classification (49/50 tests). Segment 4: 92% correct classification (46/50 tests). 

Segment 5: 96% correct classification (48/50 tests). Segment 6: 94% correct classification (47/50 tests).  Segment 7: 

98% correct classification (49/50 tests).  Segment 8: 96% correct classification (48/50 tests). 

That each part of the program is analyzed with high accuracy proves that the AI approach is useful for fault 

localization. 

 

5.3.2 Noise Robustness Testing 

 

The system's robustness to electrical noise and interference was evaluated under various conditions: 

Noise Injection Testing: Gaussian noise (SNR: 20dB to 40dB) added to sensor signals,  Electromagnetic 

interference simulation using nearby electrical equipment , Power supply voltage variations (±10% of nominal). 

Robustness Results: Performance degradation: <5% under moderate noise conditions (SNR > 25dB) * Graceful 

degradation under severe noise conditions * No complete system failures observed during testing 

The training data was made more robust because of the data augmentation techniques included during training. 

 

5.3.3 Comparative Analysis 

Comparison with Traditional Methods: Despite the fact that direct comparison with old impedance techniques is 

difficult since the system is still being developed in a laboratory, AI-based methods show several positive results: 

• Faster response time than the  impedance calculations 

• The ability to find faults with more precision  

• More stable performance even if some system parameters are adjusted 

• Learning and capability to function with the system 

Computational Efficiency: This model does not need a lot of hardware for its operations: Model size: 191KB , 

Memory usage: <50MB ,CPU utilization: <15% on Raspberry Pi 4 

The model is easy to implement because you don’t need a lot of equipment to run it. 

 

 

5.4.1 Strengths of the Proposed System 

High Accuracy and Reliability: All the defects are accurately detected by the system, which achieves more than 95% 

accuracy both offline and in real-time. There is not much confusion in the analysis, and it happens mostly between 

adjacent segments that share electrical traits. 

Fast Response Time: 93ms of total response time meets the necessary standards for protecting power systems. As a 

result, the system is able to identify faults and locate them quickly for better coordination in protecting the network. 

Cost-Effective Implementation: To protect people, these systems make use of available Arduino, Raspberry Pi, and 

basic sensors. They are inexpensive, cheaper than most conventional protective tools, and perform as effectively or 

superior to them. 

Scalability and Adaptability: AI techniques are able to process transmission lines with different settings by getting 

 

5.4 Discussion of Results 

5.3 System Validation and Testing 
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retrained. Thanks to modular design, it is simple to expand a system. 

 
5.4.2  Limitations and Challenges 

Laboratory Scale Limitations: The model has only been checked in the laboratory environment. For real transmission 

lines, engineers must pay attention to higher voltages, greater lengths, and more complicated types of faults. 

Training Data Requirements: Performance of a system is closely influenced by how detailed and quality the training 

data is. It is often difficult to assemble enough input data to address every potential issue in a real system. 

Environmental Factors: If the device is used outside, designers have to address differences resulting from changes 

in temperature, interference from electromagnetic waves, and weather. 

Sensor Limitations: If the device is used outside, designers have to address differences resulting from changes in 

temperature, interference from electromagnetic waves, and weather. 

5.4.3 Practical Implications 

Integration with Existing Systems: Due to its digital outputs and response characteristics, the system can be used 

with existing protection relays. The system can be used as back-up protection or as the central method for detecting issues 

in some cases. 

Maintenance and Operation: The set-up doesn’t need much maintenance after being deployed; the main concern is 

to ensure the sensors are recalibrated and the software is updated periodically. Because AI is designed to learn by itself, 

there is less need for adjusting the parameters over time. 

Future Development Potential: Since AI-based fault detection is proven feasible, its integration with smart grids, 

improved maintenance approaches, and advanced protection systems is possible. 

The outcomes show that systems that use AI to detect faults are fast, efficient, and affordable for transmission line 

protection and represent a major improvement over previous methods that are practical to put in place. 

 

5.4.4 Component Costs (Per Unit) 

 

Component Local price 

Raspberry pi 4 350 

Arduino 30 

ACS712 Current Sensor 20 

ZMPT101B Voltage Sensor 35 

Wiring and Connectors 10 

LCD Display 100 

Total 545 

 

 

 

CHAPTER 6: CONCLUSION AND FUTURE WORK 
 

 

 

The effective testing carried out in terms of this research project demonstrates that AI can contribute to timely 

identification and location of faults in electrical power lines. It managed to achieve all the project goals and provided 

valuable information on the application of AI in security aspects. 

 

6.1.1 Technical Accomplishments 

6.1 Summary of Achievements 
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Complete System Development: A prototype was completed that included the Arduino, Raspberry Pi, and sensors, 

as well as advanced AI software for finding faults right away. It connects the work done in research with how AI-based 

technology works in practise, offering a live demonstration. 

High-Performance AI Model: The real-world deployment of the Artificial Neural Network showed 94.2% accuracy, 

whereas testing gave as much as 95.8% accuracy. The model can tell the difference between normal and faulty conditions 

and pinpoints eight different fault areas very accurately. 

Real-Time Performance: This system shows very fast reaction and generates output only 93ms after a fault is 

detected. The response time of this performance is sufficient for power management application and provides accurate 

details of any fault. 

Cost-Effective Implementation: As it uses basic equipment and free software that anyone can access, the project 

makes it possible to implement advanced protection against transmission lines faults at a much cheaper price point, 

offering AI technology to many types of users. 

 

 

6.1.2 Methodological Contributions 

Comprehensive Data Collection Framework: A reliable process was established for collecting, processing, and 

augmenting training data needed for fault detection. Having an Arduino-based data collection approach and Python-based 

processing provides a replicable framework for similar research and development efforts. 

Practical AI Model Design: The structure and way of training the neural network included in the project are designed 

to help in fault detection, as they provide good accuracy, require little computation time, and enable real-time operation. 

Integration Strategy: This project proves that edge computing works well with traditional unit components, and can 

be used as a reference for future smart grid procedures. 

 

 

6.2.1 AI Model Performance 

Feature Importance: The analysis has revealed that voltage and current measurements can be added to facilitate fault 

classification. The information about system configuration (induction value) is used to assist in increasing the accuracy 

of the model. 

Generalization Capabilities: Data augmentation when training the model allowed it to be more capable of being used 

in other conditions, demonstrating that the thorough preparation of training data is highly significant. 

Computational Efficiency: : The optimized neural network is lightweight in computation and can be applied to the 

edge device, where resources are constrained since the optimized neural network is effective. 

 

6.2.2 System Integration Insights 

Hardware-Software Synergy: Integrating Arduino data acquiring and Raspberry Pi AI shows that distributed 

computing is effective to be used in power systems. 

Real-Time Constraints: The project described the highlights that affect real-time performance, such as the speed at 

which data is obtained, the time it takes to transmit and the effectiveness of the processing. This was done by adjusting 

all the components to improve the performance of the system in terms of protection. 

 

Scalability Considerations: Modularity and common interfaces used in demonstrations have taken the technology 

to readiness to be used in larger and more complex transmission grids. 

 

 

 

 

6.2 Key Findings and Insights 
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6.3.1 Current System Limitations 

Scale and Voltage Level: Simulation is now performed on small scale only using voltages which are not particularly 

high. The use of sensors that are useful in high voltages of the transmission lines (hundreds of kV) is a large undertaking 

with numerous safety risks. 

Fault Type Coverage: Currently, the technology is just tested on low voltage, lab-scale tests. These systems and their 

safety procedures would need significant modifications in case actual transmission voltages were used with the sensors. 

Environmental Robustness: Laboratory-based tests cannot take into consideration all the environmental stressors 

like temperature changes, electromagnetic interferences, and weather-related problems.. 

 

6.3.2 Technical Challenges 

Sensor Accuracy and Calibration: The way the system performs is mostly dependent on the accuracy and stability 

of the sensors. It would be necessary to use superior sensors that are well tuned and properly maintained in the real 

world. 

Data Quality and Availability: Training good-quality accurate AI models depends upon vast quantities of good-

quality data for all failure modes possible. Such information from operating transmission 

systems is basically and safely hard of acquisition. 

Model Validation and Certification: Large scale implementation of power systems would 

require significant validation and qualification processes for demonstrating reliability and compliance with safety 

standards. 

 

 

6.4.1 Immediate Development Opportunities 

Enhanced Fault Type Coverage: The system should be extended in future to identify and isolate other types of faults, 

such as line-to-line faults, three-phase faults, and high-impedance faults. That would necessitate gathering more training 

data, and possibly changing the neural network architecture. 

Improved Sensor Integration: Inclusion of sensors with greater accuracy and better signal processing algorithms 

have the potential to enhance the functionality of the system and allow use in more rigorous applications. This involves 

the study of fiber-optic sensors, digital signal processing and improved filtering methods. 

Extended Real-World Testing: Long term testing under different environmental scenarios, as well as, different 

transmission line arrangements would be informative regarding system robustness and reliability. 

 

6.4.2 Advanced Research Directions 

Predictive Maintenance Integration: Predictive maintenance could also be offered through expansion of the AI 

model, where trends in electrical parameters would be analyzed and the possibility of a fault condition detected before it 

happens. This would provide a lot of value to power system operators. 

Smart Grid Integration: The next step of development may be the integration of the fault detection system with the 

rest of the smart grid infrastructure, to allow coordinated protection schemes and better reliability of the whole system. 

Federated Learning Approaches: The use of federated learning techniques might allow the various fault detection 

systems to collaborate in knowledge sharing whilst preserving data confidentiality, resulting in better model behaviour 

across installations. 

 

6.4.3 Scalability and Deployment Strategies 

Modular System Architecture: A modular system architecture which is easily scalable and can be reconfigured to 

6.3 Limitations and Challenges 

6.4 Future Work and Development Directions 
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various transmission line geometries would enable wide roll-out of the technology. 

Cloud-Edge Hybrid Processing: Investigating the hybrid systems where the real-time processing is performed at the 

edge with the help of edge computing, and the model training and updates are conducted in the cloud might offer the best 

performance and maintainability. 

Standardization and Interoperability: AI-based protection systems should aim at developing industry standards to 

promote wide usage and to be able to interface with the rest of the power system infrastructure. 

 

6.4.4 Long-Term Vision 

Autonomous Protection Systems: The long-term objective is to achieve completely autonomous protection 

systems, capable of adjusting to the varying conditions of a system, able to learn during operation and capable of 

giving the best possible coordination of protection without any human involvement. 

Integration with Renewable Energy: With the integration of renewable energy sources, which is becoming a 

requirement in power systems, AI-based protection systems may offer the flexibility and adaptability to deal with the 

dynamics of current grids. 

Global Impact and Accessibility: The economic efficiency of the AI-based protection systems might bring the 

advanced protection technology to the developing parts of the world as well as to the smaller utilities, helping to increase 

power system reliability globally. 

 

 

 

 

The given research project proves that the AI-based fault detection and localization systems are the perspective and 

viable alternative to the traditional protection method. The fact that the full prototype system (including hardware 

integration and real-time AI inference) was developed and verified successfully lays a strong basis on which further 

development and deployment can be performed. 

The success of the project is not only limited to the technical implementation of the project but also on the contributions 

in terms of the methodology that can be used in future research and development on this area. The entire data collection 

system, the optimal AI model structure, and the integration implementation schemes are useful to the power systems 

community. 

There are still issues to overcome to get the technology up to the real-world transmission systems, but the basic concept 

has been shown to work very well. High accuracy rates coupled with the low response time and the cost-efficient 

implementation of the AI-based fault detection make it a ground-breaking technology in power system protection. 

The future of power system protection is in the smart combination of conventional engineering knowledge with the 

advanced AI features. The project is a significant contribution to such a future and has not only supplied technical 

solutions but also experience and knowledge that will be used in further development of intelligent, flexible, and robust 

power system protection technology. 

With the power industry becoming more and more sophisticated and renewable energy sources becoming a part of it, 

AI-based protection systems will become even more significant in terms of assuring the reliability and stability of 

electrical power systems across the globe. The base laid by this research project leads to that worthy aim as well as paving 

way to newer gates of innovation and betterment of power system protection technology.

6.5 Final Remarks 
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